
          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                        Volume: 09 Issue: 05 | May - 2025                              SJIF Rating: 8.586                                    ISSN: 2582-3930                                                                                                      

 

© 2025, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM47967                                               |        Page 1 
 

Real Time Sign Language Interpreter Using Live Video Feed using Deep Learning 

Er. Anushka Parihar1, Anuj Dubey2, Rishabh Mishra3 

1Department of Electronics | Shri Ramswaroop Memorial College of Engineering and Management 
2Department of Electronics | Shri Ramswaroop Memorial College of Engineering and Management 
3Department of Electronics | Shri Ramswaroop Memorial College of Engineering and Management 

---------------------------------------------------------------------***---------------------------------------------------------------------

Abstract - This paper presents a real-time sign language 

interpreter system designed to bridge the communication gap 

between Deaf/non-verbal individuals and non-signers. The 

proposed system captures hand gestures through a standard 

webcam and utilizes a Convolutional Neural Network (CNN) 

for accurate gesture recognition. Preprocessing steps such as 

Histogram of Oriented Gradients (HOG) and Gaussian Mixture 

Models (GMM) are used for background elimination and 

feature extraction. The recognized gestures are translated into 

both text and speech, enabling seamless interaction in real-

world environments. The system also features a user-friendly 

interface and a modular web-based platform for future 

expansion. Unlike traditional glove-based or high-complexity 

models, this solution is lightweight, cost-effective, and 

deployable on standard hardware, making it highly accessible 

for educational, professional, and assistive applications. 
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1. INTRODUCTION 
Millions of people across the world rely on sign language as 

their primary or secondary means of communication due to 

hearing or speech impairments. While sign language is an 

expressive and complete language system in itself, it is not 

widely understood by the general population, creating a 

communication barrier in many mainstream environments such 

as workplaces, healthcare settings, educational institutions, and 

public services. These barriers lead to a lack of inclusivity and 

often restrict opportunities for individuals with hearing and 

speech disabilities. Conventional approaches to bridging this 

communication gap include hiring human sign language 

interpreters or using wearable technologies like sensor-

equipped gloves that convert gestures into text. However, these 

methods come with limitations. Interpreters are not always 

available or affordable, especially in impromptu or rural 

settings. Glove-based systems, while innovative, tend to be 

expensive, bulky, and require frequent maintenance and 

calibration, making them impractical for everyday use. 

 

Advancements in the field of computer vision, machine 

learning, and deep learning have made it possible to develop 

more accessible and cost-effective solutions. These 

technologies allow for real-time detection and classification of 

hand gestures through standard camera inputs without the need 

for specialized hardware. By leveraging the power of 

Convolutional Neural Networks (CNNs), models can now learn 

and recognize intricate hand positions and movements with 

impressive accuracy. This research introduces a system that 

capitalizes on these technological advancements. It is designed 

to function in real-time, utilizing a basic webcam to capture 

hand gestures, which are then processed and classified using a 

deep learning model. The recognized gesture is converted to 

both text and audio using a text-to-speech engine, providing 

instant feedback. This dual-modality output not only assists in 

immediate communication but also helps non-signers 

understand and respond effectively. This work also emphasizes 

accessibility and affordability, ensuring that the solution 

remains viable even in resource-limited settings. The 

integration of open-source technologies, the use of commonly 

available webcams, and lightweight model design together 

contribute to making this system a practical assistive tool. 

Furthermore, by offering a dual output format—both textual 

and audio—the system accommodates diverse use cases, from 

education to emergency communication. 

 

2. SYSTEM ANALYSIS 
The primary goal of our system is to develop a real-time, robust, 

and scalable sign language recognition system that addresses the 

limitations of existing research while offering higher accuracy, 

flexibility, and accessibility. Unlike many of the referenced 

systems that are constrained by dataset size, model complexity, 

or hardware limitations, our project presents a more holistic, 

user-centric, and technologically advanced solution. 

 

         Problem with Existing Systems 
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Feature Description Why It’s Better 

Unified Deep 

Learning 

Pipeline 

An end-to-end 

integrated 

CNN-RNN or 

Transformer-

based 

architecture for 

both spatial and 

temporal feature 

learning 

Reduces model 

latency and 

complexity 

compared to split 

CNN-RNN 

systems. 

Larger, 

Balanced Dataset 

We build a 

custom dataset 

with 50+ 

gestures, 

captured under 

varying 

lighting, angles, 

and hand 

orientations 

Improves 

generalization, 

unlike the limited 

5–10 gesture sets 

used. 

Real-Time 

Recognition 

Optimized with 

TensorFlow 

Lite or ONNX 

for mobile/edge 

deployment 

Offers on-device 

inference and 

accessibility, 

lacking. 

Dynamic and 

Continuous 

Gesture Support 

Able to detect 

not only 

alphabets and 

numerals but 

full words and 

sequences using 

temporal 

modelling 

Overcomes static-

only limitation. 

No Special 

Hardware 

Fully camera-

based with no 

gloves or depth 

sensors 

Improves usability 

and reduces cost. 

Multilingual 

Output 

Supports 

gesture-to-text 

in multiple 

Indian 

languages (via 

NLP translation 

layer) 

Bridges 

communication 

barriers beyond 

English 

Noise and 

Background 

Robustness 

Advanced 

preprocessing 

and 

augmentation 

methods 

(adaptive 

thresholding, 

multi-angle 

training) 

Ensures accuracy 

in real-world 

environments 

Model Accuracy 

(Target >95%) 

Through 

ensemble 

learning and 

hyperparameter 

tuning 

Surpasses the best 

accuracy of ~91–

95%. 

     Our System – Key Enhancements 

  
3. MODULES DESCRIPTION 
Our project is structured into seven core modules, each 

responsible for a key part of the real-time sign language 

recognition system. These modules collectively ensure that the 

system can efficiently recognize sign gestures from live video 

input and convert them into text or speech outputs, with high 

accuracy and responsiveness. 

3.1 Data Acquisition Module 

The Data Acquisition Module is designed to capture hand 

gesture data using either a webcam or a mobile camera, 

supporting both real-time capture and input from pre-recorded 

video or image datasets. This module enables data collection 

through live video feeds as well as batch image uploads, 

ensuring flexibility in usage. It is capable of recording gestures 

under varying angles, lighting conditions, and hand 

orientations to create a diverse and comprehensive dataset. The 

system supports both static gestures, such as alphabets and 

digits, and dynamic gestures involving sequential movements. 

Key tools utilized in this module include OpenCV for image 

and video processing, TensorFlow for managing camera 

streams and integration with machine learning workflows, and 

custom scripts to automate and streamline the dataset creation 

process. 

 

3.2 Preprocessing Module 

The Preprocessing Module is responsible for refining raw 

image frames by removing noise and isolating the region of 

interest, specifically the hand gesture, to improve the quality 

and consistency of the input data. This module incorporates 

several key functions, including background elimination 

through adaptive thresholding and skin detection using color 

segmentation techniques such as YCbCr or HSV filtering. To 

ensure uniformity across samples, the images are normalized 

and resized, while grayscale conversion is applied to reduce 

computational complexity and enhance processing speed. 

Furthermore, data augmentation techniques—such as zoom, 

rotation, flipping, and brightness adjustments—are employed 

to artificially expand the dataset and improve the model's 

ability to generalize. This preprocessing approach significantly 

enhances the model's robustness across diverse environments, 

addressing a critical limitation often overlooked in existing 

gesture recognition systems. 

 

3.3 Feature Extraction Module (CNN-based) 

The Feature Extraction Module leverages deep learning to 

extract meaningful spatial features from image frames, playing 

a critical role in gesture recognition. This module employs 

lightweight convolutional neural networks (CNNs) such as 

MobileNetV3, EfficientNet, or VGG16, which are pre-trained 

on the ImageNet dataset and fine-tuned specifically for hand 

gesture recognition tasks. These models are adept at capturing 

intricate details such as hand shape, contour, orientation, and 

finger positioning. For each processed frame, the CNN outputs 

a fixed-length feature vector, which serves as a compact and 

informative representation to be fed into the subsequent 

temporal modeling stage. Compared to traditional edge-

detection or template-matching techniques, this approach 

offers superior accuracy and efficiency, even when trained on 

limited datasets, making it highly suitable for real-time 

applications with constrained resources. 

 

3.4 Temporal Modeling Module 

The Temporal Modeling Module is designed to capture time-

based dependencies across sequential frames, a crucial aspect 

for recognizing dynamic gestures or multi-frame sign language 

expressions. This module receives fixed-length feature vectors 

from the CNN-based Feature Extraction Module and processes 

them using recurrent neural networks (RNNs) such as Long 

http://www.ijsrem.com/
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Short-Term Memory (LSTM) networks or more advanced 

Transformer architectures. By learning temporal patterns, the 

model effectively recognizes complex gesture sequences like “I 

love you,” “hello,” and “thank you.” It is particularly adept at 

handling continuous gestures, offering context-aware 

predictions that adapt to gesture flow. Unlike previous works, 

such as [6], which treat spatial and temporal components in 

separate stages, our model integrates these functions, achieving 

significant improvements in both speed and accuracy. 

 

3.5 Classification Module 

The Classification Module assigns a meaningful label to the 

gesture based on the features extracted and temporally 

processed by preceding modules. It employs a softmax output 

layer to perform multi-class classification, enabling it to 

distinguish among various static and dynamic gesture classes, 

including alphabets (A–Z), digits (0–9), and commonly used 

sign phrases. Confidence thresholding is used to filter uncertain 

predictions, enhancing overall system reliability. Furthermore, 

the model supports multi-label classification, allowing 

simultaneous detection of compound gestures, as demonstrated 

in works such as [7]. The output includes the predicted label 

ID, associated probability score, and support for multi-gesture 

scenarios, making it suitable for real-world, nuanced sign 

language interpretation. 

 

3.6 Output Module 

The Output Module is responsible for conveying the 

recognized gestures in accessible formats such as on-screen 

text and spoken audio. Real-time textual feedback is displayed 

to the user, while text-to-speech (TTS) functionality is 

implemented using tools like Google TTS or pyttsx3 for 

auditory feedback. A standout feature of this module is its 

multilingual translation capability, which employs transformer 

models or libraries such as googletrans to support languages 

like Hindi and Telugu. This cross-language support 

significantly broadens the inclusivity and usability of the 

system, setting it apart from existing gesture recognition 

solutions, which typically lack multilingual output features. 

 

3.7 Deployment Module 

The Deployment Module focuses on translating the system into 

a real-world, user-accessible platform. Deployment is carried 

out through a web interface developed using Flask or Django, 

and a mobile application built with TensorFlow Lite or a hybrid 

of React Native and ONNX.js. Additionally, optional 

integration with Arduino or IoT-based displays allows for 

further hardware-level implementations. Unlike many 

referenced systems that remain confined to desktop 

environments, our deployment strategy ensures portability, 

scalability, and user-friendliness. The multi-platform support 

makes the system practical for diverse use cases, including 

education, accessibility tools, and assistive communication. 

 

4. PERFORMANCE GOALS 
The primary goal of our real-time sign language recognition 

system is to offer accurate, fast, and scalable gesture detection 

that bridges the communication gap between hearing-impaired 

individuals and the general population. The system is designed 

to outperform traditional static recognition methods by 

integrating both spatial and temporal features using a hybrid 

deep learning model (CNN + RNN). Unlike earlier systems 

which rely on glove-based or high-cost sensor equipment, our 

vision-based model ensures cost efficiency without 

compromising performance. A major performance objective is 

achieving high accuracy (above 90%) for static gestures and 

above 85% for dynamic gestures, even in variable lighting, 

backgrounds, and skin tones. Furthermore, the system must be 

responsive in real-time, capable of processing and predicting 

gestures within milliseconds per frame to allow natural 

conversation-like interaction. Finally, it aims to maintain 

robustness, by generalizing well across diverse users and 

environments, and to provide ease of use through an intuitive 

interface with minimal setup or training required. 

 

5. LITERATURE REVIEW 

[1] This paper introduces an advanced method for online sign 

language recognition that uses a sliding window inference 

strategy, an ISLR dictionary, and saliency-focused loss. While 

technically robust, it requires high computational resources and 

complex infrastructure, including models like TwoStream-

SLR, S3D, and HRNet. Additionally, it depends on pseudo-

ground truth segmentation from third-party CSLR models and 

has a cumbersome offline dictionary generation process. In 

comparison, our system uses a lightweight and efficient 

architecture that is easy to deploy in real-world or embedded 

systems. It operates in real-time without the need for external 

segmentation models, making it ideal for Indian Sign Language 

applications on common hardware platforms. 

[2] In this paper a hybrid framework that combines 

convolutional neural networks (CNNs) with transfer learning 

and a Random Forest classifier to recognize Bangla Sign 

Language (BSL) characters and digits. The model demonstrates 

high classification accuracy by utilizing well-curated datasets 

such as Ishara-Lipi and Ishara-Bochon. However, the approach 

is limited in scope, focusing solely on Bangla Sign Language 

and addressing only static gestures such as alphabets and digits. 

It does not extend to real-time detection or dynamic, sentence-

level gestures, nor does it support gesture recognition from live 

video input or camera feeds. In contrast, our proposed system 

overcomes these limitations by supporting real-time gesture 

recognition, capturing both spatial and temporal features 

through the integration of CNNs with RNNs or SSD models. 

Additionally, it is capable of interpreting complete words and 

dynamic gesture sequences, making it more practical, 

extensible, and suitable for real-world applications. 

[3] This paper introduces a vision-based detection approach 

using Faster-RCNN with ResNet50 to recognize a limited set 

of signs, such as "V", "L", "U", and "I Love You." The model 

operates on a very small dataset of only 200 images and focuses 

solely on bounding box-based detection. However, it lacks the 

ability to handle temporal features and dynamic gestures, 

limiting its use to static sign recognition. In contrast, our system 

http://www.ijsrem.com/
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offers a more advanced, real-time capability with a larger and 

scalable dataset pipeline. By incorporating both CNN and RNN 

models, it effectively tracks spatial and temporal features, 

making it suitable for continuous and dynamic gesture 

recognition. 

[4] This paper employs a LeNet-5 CNN model for recognizing 

static Indian Sign Language gestures in a controlled 

environment. The dataset used features simplified backgrounds 

and consistent lighting, which limits the model's performance 

in real-world scenarios. Moreover, it does not support dynamic 

gestures or temporal modelling. Our approach addresses these 

issues by incorporating robust preprocessing methods that 

handle varying lighting conditions and complex backgrounds. 

Additionally, our system works with live webcam input and 

supports dynamic gestures, significantly increasing its 

practicality and real-world usability. 

[5] This paper takes a classical image processing route using 

edge detection and template matching techniques for gesture 

recognition. While it provides a foundational approach, it 

suffers from low accuracy and is not suitable for real-time or 

dynamic gesture recognition. The method is outdated and fails 

to cope with motion blur or environmental noise. In contrast, 

our solution employs deep learning models for real-time 

classification, offering high accuracy, adaptability, and 

robustness against noise and fast hand movements, making it a 

much more modern and effective solution. 

[6] This paper integrates CNNs for spatial feature extraction 

with RNNs for capturing temporal dependencies, trained on a 

dataset of 456 ISL gesture videos. Despite using a relevant 

architecture, the system's accuracy is capped at around 54%, 

and it lacks efficient background elimination mechanisms. Our 

proposed system builds upon this idea with an optimized 

architecture that enhances accuracy and scalability. It includes 

effective hand segmentation and a background subtraction 

pipeline, allowing it to perform reliably in more complex and 

noisy environments. 

[7] This paper applies the SSD (Single Shot MultiBox 

Detector) approach combined with MobileNet via the 

TensorFlow Object Detection API. It is designed to recognize 

five predefined gestures and operates reasonably well on a 

small dataset. However, it does not support dynamic gestures 

or sequence modeling, and its accuracy is limited to around 

85%. Our system overcomes these limitations by expanding the 

gesture vocabulary, ensuring real-time responsiveness, and 

utilizing LSTM networks to model temporal dependencies, 

thereby enabling dynamic gesture recognition. 

 

6. DATASET DETAILS 
For the development and training of the proposed real-time sign 

language recognition system, a dataset was created comprising 

approximately 50+ unique sign language gestures. Each gesture 

is represented by nearly 4,800 image samples, resulting in a 

rich and comprehensive dataset of around 240,000 labeled 

images in total. The dataset was meticulously curated to ensure 

a wide range of variability and generalization potential. Images 

were captured under diverse conditions, including varying 

lighting scenarios (natural daylight, low light, and artificial 

lighting), multiple camera angles (front, top, and side views), 

and across different user demographics. Participants of various 

ages, skin tones, and hand sizes contributed to the dataset, 

further enhancing the model’s ability to recognize signs in real-

world, unpredictable environments. The entire dataset was split 

into training and testing subsets using an 80:20 ratio, where 

80% of the images were used for training the deep learning 

models and 20% were reserved for validation and testing. This 

careful construction and partitioning of the dataset ensures that 

the model learns not only the static features of each gesture but 

also gains robustness against noise, background variation, and 

inter-user differences—making it highly suitable for practical 

deployment in diverse settings. 

 

7. TRAINING METRICS 
To evaluate the performance of the proposed sign language 

recognition system, several standard classification metrics 

were used during and after the training process, including 

accuracy, precision, recall, and F1-score—all computed per 

gesture class. Given the size and diversity of the dataset 

(approximately 240,000 images across 50 gesture classes), the 

model achieved a training accuracy of over 96% and a 

validation accuracy averaging around 92%, demonstrating 

strong generalization capabilities. Precision and recall metrics 

were especially important in assessing the system’s ability to 

avoid false positives and false negatives, respectively. On 

average, the model yielded a macro-averaged precision of 

91.8%, recall of 92.4%, and an F1-score of 92.1%, indicating 

balanced performance across all classes rather than being 

skewed toward any dominant category. These metrics remained 

stable even when tested under challenging conditions such as 

variable lighting and background noise. Each class-specific 

metric was also monitored to detect underperforming gestures, 

allowing fine-tuning of model parameters and data 

augmentation for improved recognition. Overall, these results 

affirm that the model is not only accurate but also robust in real-

time applications, capable of recognizing both static and 

dynamic gestures with high confidence. 

 

8. BENCHMARKING COMPARISON 
To validate the effectiveness of our system, we benchmarked 

its performance against several existing models commonly 

referenced in academic literature. These include classical 

approaches like LeNet-5, modern CNN architectures such as 

ResNet50, hybrid deep learning methods combining CNNs 

with RNNs, and more complex frameworks like TwoStream-

SLR, which have been applied to continuous sign language 

recognition. While TwoStream-SLR achieves high 

performance on large-scale datasets, it requires heavy 

computational resources and does not generalize well to real-

time, low-cost systems due to its reliance on dual-stream inputs 

and extensive pretraining. LeNet-5, although lightweight, 

underperforms on complex gesture datasets due to its limited 

depth and feature extraction capabilities. ResNet50 provides 

stronger spatial feature learning but lacks temporal context 

modeling required for dynamic gestures. In contrast, our 

proposed system integrates CNN-based spatial extraction with 

RNN-based temporal modeling, achieving superior 

performance in both static and dynamic gesture classification. 

Our model also maintains low inference time, supports real-

time deployment, and works efficiently on modest hardware, 

making it ideal for mobile and embedded platforms. 
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9. LATENCY AND FPS PERFORMANCE 
Real-time responsiveness is a crucial factor in the effectiveness 

of any sign language interpreter, especially when used for live 

communication. Our system is optimized for low-latency 

execution using lightweight architectures like MobileNet for 

spatial feature extraction and LSTM for temporal modelling. 

During testing, the average frame processing time was 

measured to be approximately 28 milliseconds per frame, 

translating to a processing speed of ~35 frames per second 

(FPS) on a standard GPU. This performance ensures seamless 

interaction without perceptible delay, enabling natural 

conversation flow between Deaf users and non-signers. 

In contrast, heavier models such as ResNet50 or TwoStream-

SLR struggle to achieve real-time speeds, often requiring 

significant GPU power and memory bandwidth. Even SSD-

based models show lower latency but fail to handle sequential 

dynamic gestures effectively. Our model achieves an ideal 

balance between speed and accuracy, making it suitable for 

deployment on both desktop systems and edge/mobile devices. 

Below is a detailed comparison of latency and FPS 

performance across commonly referenced models: 

10. MODEL SIZE AND DEPLOYMENT 

READINESS 
A key strength of our system lies in its lightweight architecture, 

making it not only accurate and responsive but also highly 

deployable across a wide range of devices—from desktops to 

smartphones and even low-power embedded systems. The final 

trained model, built using MobileNetV3 for spatial feature 

extraction and LSTM for temporal modelling, has a combined 

size of approximately 18 MB, including weights and necessary 

configurations. This compact footprint allows for seamless 

integration into mobile applications, web-based platforms, and 

edge AI devices like Raspberry Pi 4 and NVIDIA Jetson Nano 

without significant degradation in performance. 

We further optimized the model using TensorFlow Lite and 

ONNX conversion pipelines, reducing memory usage and 

increasing inference speed by up to 20%. The average inference 

time on a modern smartphone (e.g., a mid-range Android 

device with 4–6 GB RAM and a Snapdragon 700-series 

processor) is under 35 milliseconds per frame, enabling over 

28–30 FPS in mobile settings. 

In contrast, models like ResNet50 or TwoStream-SLR often 

exceed 90–150 MB in size and require high-end GPUs or 

dedicated servers, making them impractical for on-device 

deployment. Additionally, many referenced models lack 

support for mobile runtime engines, further limiting their real-

world usability. Our system, by design, is modular and 

scalable—its core modules can be independently updated, and 

lighter backbones (like EfficientNet-lite) can be swapped in if 

even smaller size or faster inference is required. 

In summary, the model’s compactness, low memory demand, 

and compatibility with mobile deployment frameworks give it 

a distinct advantage. This readiness for field deployment 

ensures that our solution can be directly used by educators, field 

workers, accessibility services, and Deaf communities without 

requiring expensive hardware or server infrastructure. 

 

11. ABLATION STUDY 
To evaluate the individual contribution of each component in 

our system, we conducted a series of ablation experiments. 

These experiments isolate specific modules—such as 

preprocessing and temporal modeling—to demonstrate their 

impact on overall system performance. The goal was to 

determine how critical each architectural element is for 

achieving high accuracy, especially in real-world, noisy 

environments with dynamic gestures. 

In the first variant, we tested a CNN-only model, which relies 

solely on spatial feature extraction. While it performed 

reasonably well on static gestures like alphabets and digits, it 

struggled to accurately classify dynamic sequences and time-

sensitive movements, resulting in an overall accuracy of 80%. 

The lack of temporal modeling led to misclassification of 

gestures that involve subtle transitions or multi-frame 

movements. 

In the second experiment, we combined CNN with an RNN 

(LSTM) for temporal modeling but excluded the preprocessing 

module. This version improved accuracy to 85%, as the RNN 

could model time-based dependencies. However, the absence 

of background elimination and data normalization meant the 

system was still sensitive to lighting variations, hand 

orientation, and environmental noise—especially in live video 

conditions. 

Finally, our full model, which includes preprocessing, CNN for 

spatial features, and LSTM for temporal patterns, yielded the 

best accuracy at 92%. The preprocessing steps (adaptive 

thresholding, background removal, and normalization) were 

particularly effective in improving the clarity of gesture 

features, making the deep learning models more robust and less 

error-prone across diverse test scenarios. 

http://www.ijsrem.com/
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These results, summarized in the table below, validate our 

architectural choices. Each module contributes meaningfully, 

and their integration is crucial for achieving a high-

performance, real-time sign language recognition system. 

 

12. RESULTS AND ANALYSIS 
The proposed real-time sign language interpreter demonstrates 

strong performance across various evaluation metrics and 

testing conditions. After training on a large dataset of 50 unique 

gestures, each comprising nearly 4,800 images (totaling around 

240,000 gesture samples), the final model achieved an overall 

test accuracy of 92%. The hybrid architecture that integrates a 

Convolutional Neural Network (CNN) for spatial feature 

extraction with a Long Short-Term Memory (LSTM) network 

for temporal modeling proved to be particularly effective for 

both static and dynamic gestures. The model maintained an 

average precision and recall of over 90% across all gesture 

classes, indicating that it not only correctly predicts most 

gestures but also minimizes false positives and negatives. 

These results reflect high reliability and practical usability of 

the system in real-world scenarios where variability in hand 

shapes, lighting conditions, and backgrounds is common. 

To further validate our approach, we conducted a 

benchmarking study against several popular models used in 

existing sign language recognition systems. Compared to 

LeNet-5, which achieved only 75% accuracy and failed to 

support dynamic gestures in real-time, our model showed a 

significant improvement. Similarly, while Faster-RCNN 

integrated with ResNet50 achieved around 85% accuracy, its 

inference time and computational demands made it unsuitable 

for real-time applications on standard hardware. Even 

compared to advanced models like TwoStream-SLR—which 

achieved high accuracy but required dual-stream input and 

substantial computational resources—our system matched or 

exceeded their performance while being much lighter and 

deployable on mobile or embedded devices. The confusion 

matrix further revealed that most misclassifications happened 

between visually similar gestures, such as "N" and "M" or 

"Thank You" and "Sorry", especially in cases of partial 

occlusion or poor lighting. Despite this, the model maintained 

high F1-scores for these gestures as well, indicating that these 

confusions were infrequent and typically resolved through 

temporal modeling. 

In terms of speed, the system achieved an average latency of 

just 28 milliseconds per frame, enabling real-time interaction at 

over 35 frames per second (FPS) on standard GPU-enabled 

hardware. Even on lower-end CPUs, optimized deployment via 

TensorFlow Lite allowed for stable performance at 18–22 FPS, 

which is adequate for natural, conversational use. The model 

file size is approximately 14 MB, making it highly suitable for 

mobile and edge deployment without sacrificing accuracy. This 

compact size, paired with low inference time and robust real-

world performance, indicates the system’s readiness for 

deployment in diverse environments such as educational 

institutions, public service kiosks, and assistive communication 

tools for the hearing-impaired community. Overall, the results 

confirm that each architectural and design choice—such as 

preprocessing, hybrid CNN-RNN modeling, and multilingual 

output—contributed meaningfully to the system’s strong 

accuracy, speed, and usability. 

 

13. FUTURE SCOPE 
The future scope of this project opens up several exciting 

possibilities for enhancing accessibility, accuracy, and usability 

in the domain of sign language recognition and assistive 

technologies. One of the most immediate extensions is the 

incorporation of continuous sentence-level sign language 

recognition, enabling the system to understand and translate 

entire phrases or conversations rather than isolated gestures. 

This would allow for more fluid and natural interaction 

between Deaf or mute individuals and non-signers. To support 

this, future iterations can integrate Transformer-based 

architectures or attention mechanisms to better model long-

term dependencies in gesture sequences. 

Another important direction is the expansion of the gesture 

vocabulary to include regional and dialectal variations of 

Indian Sign Language (ISL), as well as gestures from other sign 

languages such as American Sign Language (ASL), British 

Sign Language (BSL), or Indian regional dialects. This will 

make the system more inclusive and globally adaptable. 

Additionally, incorporating facial expression recognition and 

lip-reading capabilities could enhance the semantic 

understanding of gestures, as expressions and mouthing play a 

critical role in the grammatical structure of sign languages. 

On the deployment front, integration with wearable devices like 

smart glasses or wristbands could offer truly hands-free, 

portable solutions. Furthermore, enhancing real-time 

multilingual translation—including local Indian languages—

would make the tool more useful in rural and linguistically 

diverse settings. The implementation of federated learning or 

edge AI models would allow for on-device training and 

customization, thereby improving privacy, adaptability, and 

performance for individual users without relying heavily on 

cloud computing. 

Another potential area for growth is creating a feedback-

enabled learning module where users—especially children or 

learners of sign language—can be corrected and guided in real 

time, helping them practice and improve their signing skills. 

Finally, partnerships with accessibility startups, NGOs, or 

government organizations could help in deploying this system 

at scale across schools, hospitals, and public service areas, 

ensuring that assistive communication tools are not just a 

technological advancement but a socially impactful one. 

 

 

14. CONCLUSION 
This research presents a comprehensive and practical solution 

to the long-standing communication gap between the 

Deaf/mute community and the hearing population. By 

leveraging the power of deep learning, particularly a hybrid 

CNN-RNN architecture, combined with robust preprocessing 

techniques and real-time inference capabilities, our system is 

able to recognize both static and dynamic sign language 

gestures with high accuracy and speed. Unlike traditional 

glove-based or static recognition systems, our approach is fully 

camera-based, lightweight, and deployable across a variety of 

platforms including web, desktop, and mobile environments. 

http://www.ijsrem.com/
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Through extensive experimentation and benchmarking, the 

proposed system demonstrates its superiority over existing 

models in terms of performance, scalability, and usability. It 

effectively handles a wide range of real-world conditions, such 

as varying lighting, backgrounds, and hand orientations, while 

maintaining responsiveness and reliability. Furthermore, the 

modular design ensures that this system can be easily expanded 

in the future to include more gestures, multilingual support, and 

even facial or body expression recognition. 

Ultimately, this project not only contributes to the field of sign 

language recognition but also stands as a meaningful step 

towards inclusive technology. It empowers individuals with 

speech and hearing impairments by giving them a voice—both 

literally and figuratively—through intelligent, accessible, and 

real-time communication tools. 
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